Abstract: Climate change coupled with an intensifying wildfire regime is becoming an important driver of permafrost loss and ecosystem change in the northern boreal forest. There is a growing need to understand the effects of fire on the spatial distribution of permafrost and its associated ecological consequences. We focus on the effects of fire a decade after disturbance in a rocky upland landscape in the interior Alaskan boreal forest. Our main objectives were to (1) map near-surface permafrost distribution and drainage classes and (2) analyze the controls over landscape-scale patterns of post-fire permafrost degradation. Relationships among remote sensing variables and field-based data on soil properties (temperature, moisture, organic layer thickness) and vegetation (plant community composition) were analyzed using correlation, regression, and ordination analyses. The remote sensing data we considered included spectral indices from optical datasets (Landsat 7 Enhanced Thematic Mapper Plus (ETM+) and Landsat 8 Operational Land Imager (OLI)), the principal components of a time series of radar backscatter (Advanced Land Observing Satellite-Phased Array type L-band Synthetic Aperture Radar (ALOS-PALSAR)), and topographic variables from a Light Detection and Ranging (LiDAR)-derived digital elevation model (DEM). We found strong empirical relationships between the normalized difference infrared index (NDII) and post-fire vegetation, soil moisture, and soil temperature, enabling us to indirectly map permafrost status and drainage class using regression-based models. The thickness of the insulating surface organic layer after fire, a measure of burn severity, was an important control over the extent of permafrost degradation. According to our classifications, 90% of the area considered to have experienced high severity burn (using the difference normalized burn ratio (dNBR)) lacked permafrost after fire. Permafrost thaw, in turn, likely increased drainage and resulted in drier surface soils. Burn severity also influenced plant community composition, which was tightly linked to soil temperature and moisture. Overall, interactions between burn severity, topography, and vegetation appear to control the distribution of near-surface permafrost and associated drainage conditions after disturbance.
Introduction
Permafrost is vulnerable to thawing with continued climate warming, particularly in the boreal forest region where the mean annual permafrost temperature is close to 0 • C [1] . Permafrost degradation has begun in some areas, and widespread thawing over the next century is predicted under future climate scenarios [2, 3] . The resilience of permafrost to climate change is enhanced where it is insulated by the accumulation of thick layers of organic material on the ground surface [4, 5] . Conversely, the loss of this protective organic layer through wildfire combustion is a major positive feedback to permafrost degradation [6] . The thickness of the surface organic layer of soil remaining after fire, related to burn severity, is a critical control on the magnitude of permafrost degradation [6] [7] [8] .
Fire is a widespread disturbance of the boreal forest, and the impacts of fire in Alaska appear to have recently intensified as a result of climate warming, with increased fire frequency, extent, and severity [9, 10] . Climate change coupled with the intensifying wildfire regime is becoming a significant driver of permafrost loss and ecosystem change in the northern boreal forest [6] [7] [8] 11] .
Permafrost strongly influences ecosystem processes and hydrology, and plays a significant role in the global climate system by sequestering large quantities of carbon [12] [13] [14] . The thawing of permafrost allows for the release of carbon that was previously immobilized in frozen soils. Permafrost thawing can also cause changes in microtopography and drainage. The effects of thaw vary spatially depending upon factors such as soil texture, permafrost ice content, and topography [15] . For example, fine-textured soils with high ice content are likely to subside with thawing, potentially leading to surface water impoundment in flat, low-lying areas [8, 16] , or greater drainage and further permafrost erosion in upland areas [17] . Thawing in coarse-textured soils, and especially on slopes, is likely to cause increased drainage [18, 19] . These contrasting effects of thawing can lead to either wetter or drier soil environments [20] . Loss of permafrost and change in soil moisture regimes influence the rates and pathways of biogeochemical cycling, which in turn impact nutrient availability to plants and carbon release to the atmosphere [12] . The degradation of permafrost therefore has local to global scale ecological impacts.
To understand and quantify the impacts of thaw, there is a need to spatially characterize permafrost distribution, particularly with respect to the growing influence of wildfire [2, 21] . As a subsurface thermal condition of soil, however, permafrost is a challenge to detect remotely. Diverse approaches to indirectly map permafrost have been developed, including geophysical techniques using airborne electromagnetic (AEM) data [22] , thermal modeling of ground temperatures using climate data and/or land surface temperatures [2, [23] [24] [25] , and statistical-empirical methods relating land cover, topography, and spectral indices to permafrost characteristics [26] [27] [28] . This study applies the latter approach of establishing empirical relationships of remote sensing data with permafrost conditions, specifically within a wildfire burn.
Our study area was in a rocky upland landscape in the interior Alaskan boreal forest, for which there is a paucity of post-fire permafrost information due to the difficulty of manually sampling permafrost in these soils. Yet this landscape type comprises approximately 30% of the boreal region of Alaska [29, 30] and is likely to experience accelerated thawing after severe wildfire burns [11, 18, 31] , resulting in reductions in soil moisture and changes to landscape hydrology [18, 32] . The primary objectives of this study were to (1) map near-surface permafrost distribution and associated drainage conditions a decade after wildfire and (2) analyze mechanisms controlling landscape-scale patterns of post-fire permafrost degradation. We collected field-based data on soil properties (temperature, moisture, organic layer thickness) and vegetation (plant community composition) and analyzed relationships with remote sensing variables using correlation, regression, and ordination analyses. Remote sensing variables were derived from optical (Landsat 7 Enhanced Thematic Mapper Plus (ETM+) and Landsat 8 Operational Land Imager (OLI)), radar (Advanced Land Observing Satellite-Phased Array type L-band Synthetic Aperture Radar (ALOS-PALSAR), and topographic (Light Detection and Ranging (LiDAR)) datasets. We considered spectral indices (differenced normalized burn ratio (dNBR), normalized difference vegetation index (NDVI), and normalized difference infrared index (NDII)), the principal components of a time series of synthetic aperture radar (SAR) polarized data, and numerous topographic metrics. Empirical relationships between remote sensing data and measured soil properties were then used to classify permafrost status and drainage conditions across the wildfire burn.
Materials and Methods

Study Area and Design
The~100 km 2 study area is within the boundaries of the 2004 Boundary Fire in the Nome Creek portion of the White Mountains National Recreation Area in the Yukon-Tanana Uplands ecoregion of interior Alaska (Figure 1 ). The climate of this region is characterized by cold winters, warm summers, and low precipitation [33] . The vegetation mosaic of this region is strongly influenced by disturbance legacies (primarily wildfire) and topographic control of microclimate. Across the region, black spruce forests dominate colder sites, such as valley bottoms and north-facing slopes, and are typically underlain by permafrost. White spruce occurs on warmer sites, such as active floodplains and south-facing slopes. Deciduous forest (aspen, birch, and balsam poplar) also occurs on warmer sites, especially following disturbance. After a severe fire that exposes mineral soil, early successional vegetation is often dominated by colonizing species (e.g., Marchantia polymorpha, Ceratodon purpureus, Chamerion angustifolium, Salix spp., Populus tremuloides), whereas low-severity burns have a greater proportion of surviving and resprouting pre-fire vegetation (e.g., Sphagnum spp., Eriophorum vaginatum, Rubus chamaemorus, Rhododendron tomentosum) [34, 35] . NC12   NC07  NC04 NC05   NC06   NC21  NC20   NC19  NC22   NC18   NC23   NC27 NC01  NC02 NC03  NC13  NC14 NC15  NC16  NC17  WTCR-B3  NC29  NC30  WTCR-B2  WTCR-B1 NC28 In 2014, we established 30 field sites in burned black spruce stands, representing a range of topographic positions where we sampled vegetation and soils, and for which we extracted remote sensing data ( Figure 1 , Table 1 ). Field sites were located within patches of homogeneous land cover. Coordinates were obtained with a WAAS-enabled Garmin eTrex 30 GPS receiver with <3 m accuracy.
Within our study area, black spruce stands occurred in most landscape positions, including south-facing slopes. Our sites had relatively high elevations fairly close to the tree line. Five unburned patches of black spruce forest were also sampled, confirming the presence of near-surface permafrost at these locations. Other studies in the study area have documented contrasting permafrost status between burned and unburned areas [18, 36] . Permafrost was likely widespread but discontinuous in this study area before fire. 
Vegetation Sampling
At each site we described plant species composition in detail and classified vegetation type following the methodology of Viereck [37] . Percent cover of each plant species was determined within a 10 × 5 m 2 area using either visual estimates or point-sampling, when time allowed. For visual estimates, a Braun-Blanquet cover class was assigned to each species [38] . For point-sampling, we recorded each species occurrence along a 100-point grid. Species present in the sampling area, but not encountered in point-sampling, were given a trace cover value of 0.1%. For consistency in analysis, percent cover values derived from point-sampling were converted to Braun-Blanquet cover classes. If plant species was uncertain, taxa were aggregated to the genus level for analysis.
Soil Sampling
Soils were sampled to determine stratigraphy, surface soil moisture, and presence of shallow permafrost. Soil moisture, temperature, and thaw depths were determined during a precipitation-free period, 11-13 September 2014. Descriptions of soil stratigraphy to~40 cm depth were conducted for 2-3 soil plugs per site. Surface organic layer thickness (OLT) was considered a proxy for burn severity for analysis of field-based data. OLT was measured at 1-m intervals along the 10-m transect at each site. Volumetric water content of the upper 20 cm of the soil profile was also measured at 1-m intervals using a Campbell Scientific Hydrosense sensor. An additional dataset of soil moisture from a severely burned location was used to assess temporal patterns of soil moisture in relation to remote sensing indices. Soil moisture at 7 cm depth was measured at 15-min intervals using moisture sensors (M005, Onset Computer Corporation, Fort Collins, CO, USA) attached to a data logger (H21-002, Onset Computer Corporation, Fort Collins, CO, USA). Data from the snow-free seasons of 2014 and 2015 were used in this analysis.
Permafrost presence, usually identified through mechanical probing with a metal rod, was difficult to determine at most of our sites due to the rocky soils. Instead, soil temperature at 1 m depth was used as an indicator of near-surface (1 m) permafrost presence. If soil temperature was above 0 • C at 1 m depth, shallow permafrost at this depth was considered absent, although permafrost may be present at greater depths. One to three boreholes were drilled to~1 m depth at each site in the summer in preparation for soil temperature determination in fall, the time of maximum seasonal thaw. A 1.3 cm diameter drill bit was used with a portable Bosch Litheon hammer drill. The full length of each borehole was plugged with hollow polyethylene (PEX) tubing sealed at both ends with silicon and epoxy to prevent water pooling. Sites were revisited in the fall for temperature determination. The upper seal of the tubes were cut, thermistor sensors were slowly lowered to two depths (50 cm and the bottom depth), and temperatures were recorded after equilibration using an Omega HH41 thermistor thermometer.
If the bottom depth was not exactly 100 cm, we used the temperature gradient from 50 cm to the bottom depth to estimate the temperature at 1 m. Borehole depths ranged from 80 to 120 cm, so the maximum extrapolation of temperatures was 20 cm beyond the deepest temperature measurement. The temperature gradients were similar across most boreholes (n = 50), ranging from −0.035 to −0.003 • C/cm, with a mean of −0.013 • C/cm (SE = 0.001). At the three boreholes where thaw depth could be determined by frost probing, it was used to validate the gradients used to estimate 1 m temperatures, whereby the depth of 0 • C along the temperature gradient should approximate the measured thaw depth. Our predicted thaw depths deviated from measured thaw depths by 1 to 6 cm (mean = 3.7 cm).
Remote Sensing
The remote sensing involved use of a digital elevation model (DEM) derived from airborne Light Detection and Ranging (LiDAR) for topographic metrics, Landsat optical imagery, and synthetic aperture radar (SAR) ( Tables 2 and 3 ). The details of imagery acquisition and processing are described below. Topographic variables were extracted from a high-resolution DEM derived from airborne LiDAR. The LiDAR dataset was collected in 2010 with an ALTM Gemini system (Optech, Vaughan, Canada) operated by Aero-Metric, Inc. The horizontal accuracy was 1.05 m and vertical accuracy was 0.067 m. The raw data were processed by Aero-Metric, Inc. to produce a 2.5-m resolution DEM. From this DEM we extracted or computed the following topographic metrics: elevation, aspect, slope, curvature, direct solar radiation [39] , and compound topographic index (CTI), a steady state wetness index based on catchment area and slope [40] (Table 3) . Bilinear interpolation was used for extraction of topographic indices at site locations.
Radar
Microwave remote sensing has been successful in mapping soil moisture in burned boreal forest due to the sensitivity of radar backscatter to variation in soil moisture throughout the growing season [41, 42] . In this study, we used L-band synthetic aperture radar (SAR) data from ALOS-PALSAR in fine beam dual polarization mode ( Table 2 ). The polarizations used were horizontal transmit and horizontal receive (HH) and horizontal transmit and vertical receive (HV). Radiometric and terrain corrected (RTC) products (20-m resolution) were processed by the Alaska Satellite Facility. Because backscatter is influenced by topography, surface roughness, and vegetation cover, multi-temporal observations (August 2009, September 2009, August 2010, September 2010) were used to isolate the soil moisture signal. This approach assumes that moisture is the major time-variant factor within a season, and other influences on backscatter are somewhat constant, an assumption which appears to be valid in boreal forests after fire [41] . Backscatter data were extracted for each site location and converted to decibels. A principal components analysis (PCA) was conducted for the time series of HH and HV polarized data (Table 3) .
Landsat
Several spectral indices were derived from Landsat 7 ETM+ and Landsat 8 OLI imagery (Tables 2  and 3 ). The differenced normalized burn ratio (dNBR) was used as a remote sensing indicator of burn severity. We used a dNBR product (ID: BLM-AKAFS-A4SZ-20040613) acquired from the Monitoring Trends in Burn Severity (MTBS) program of the U.S. Geological Survey and U.S. Forest Service. The dNBR dataset from the MTBS program was originally derived from Landsat 7 ETM+ imagery acquired before and after fire. The normalized burn ratio (NBR) of pre-fire and post-fire imagery was calculated using the red, near infrared (NIR), and shortwave infrared (SWIR) bands as follows:
where NIR is band 4 (0.77-0.90 µm) and SWIR is band 7 (2.09-2.35 µm). dNBR is the difference between pre-fire and post-fire NBR:
We used the dNBR index for correlations with soil and vegetation properties, and used the thematic map to exclude unburned areas from our mapping and to differentiate levels of burn severity (low, moderate, and high).
The normalized difference vegetation index (NDVI) and normalized difference infrared index (NDII) were computed as follows using the red, NIR, and SWIR bands of the Landsat 8 OLI sensor:
where red is band 4 (0.64-0.67 µm) and NIR is band 5 (0.85-0.88 µm). NDII6 was calculated using SWIR1 band 6 (1.57-1.65 µm), and NDII7 was calculated using SWIR2 band 7 (2.11-2.29 µm). The nomenclature for NDII6 and NDII7 identifies the SWIR OLI band used. We extracted surface reflectance values for each site location and calculated spectral indices using Landsat 8 OLI Surface Reflectance products (30-m resolution) processed by the U.S. Geological Survey. The processing of Landsat 8 OLI Surface Reflectance products included the application of a physically-based atmospheric correction algorithm, the Landsat Surface Reflectance Code (LaSRC), which uses the narrow OLI coastal aerosol band (0.433-0.450 µm) for aerosol inversion tests, ancillary climate data from Moderate Resolution Imaging Spectroradiometer (MODIS), and radiative transfer models [43, 44] . The scene used for correlation analyses with ground-based data and for mapping was acquired on 9 September 2014, within four days of field soil sampling. Analysis of temporal variation in surface reflectance relative to plant phenology and soil moisture was conducted using 14 additional scenes from the snow-free seasons of 2013-2015.
Data Analysis
Vegetation
Analysis of plant communities and relationships with environmental and remote sensing variables were conducted using nonmetric multidimensional scaling (NMDS) (PC-ORD 6, MjM Software, 2011). This multivariate ordination technique extracts the dominant patterns of plant species composition across sites into two continuous synthetic variables represented by the ordination axes [45] . In the ordination diagram, each point represents the plant community composition at a site. The distance between points represents the dissimilarity between plant communities. Relationships between plant communities (NMDS ordination axis scores) and environmental and remote sensing variables were examined with correlation analyses. The strength and direction of these relationships are depicted by vectors in the ordination diagram.
Soils
Statistical analyses were conducted using JMP Pro 11 (SAS Institute, Inc., Cary, NC, USA, 2013). The distributions of field data were assessed for normality using the Shapiro-Wilk test. Soil temperature at 1 m depth exhibited a non-normal bimodal distribution (W = 0.87, p < W = 0.0018), precluding parametric statistical analyses. Sites were grouped into "cold" and "warm" classes based on the bimodal soil temperature distribution. The cold soil class was defined by temperatures ≤ 1.0 • C (n = 13) and the warm soil class had temperatures ≥2.5 • C (n = 17). Relationships among variables were assessed using a combination of nonparametric correlation analyses (Spearman's rank), t-tests among soil temperature classes, and regression analyses when statistical assumptions were met. Results were considered statistically significant where p < 0.05.
Remote Sensing
Relationships between numerous remote sensing variables (Table 3 ) and soil moisture, and temperature, and organic layer thickness were tested using nonparametric correlation analyses (Spearman's rank) due to the non-normal distribution of data. The strongest indicator of subsurface properties, NDII7, was then used in mapping. To better understand the extent to which vegetation and/or soil properties were driving the observed NDII7 response, we conducted analyses of the seasonal patterns of NDII7 and its components (NIR and SWIR reflectance) at our field sites in relation to plant phenology and soil moisture from May through September of 2013, 2014, and 2015 for warm and cold soil temperature classes. We also analyzed variation in soil moisture (7 cm depth) over time at a monitoring site in a severely burned area in relation to reflectance.
Mapping
The empirical relationships between NDII7, soil moisture, and soil temperature from September 2014 were used to map drainage conditions and permafrost distribution in our study area a decade after fire. The linear relationship between NDII7 and surface soil moisture (upper 20 cm) was applied to each 30-m pixel in the study area to estimate volumetric water content of soils. The pixels were grouped into soil moisture classes based on volumetric water content using the Jenks optimization method [46] . The moisture classes were characterized as well drained, moderately drained, or poorly drained. Because soil water content fluctuates temporally and this map is based on single-date measurements, it is intended to represent relative drainage conditions rather than absolute water content. For the permafrost map, thresholds of NDII7 values were used to divide soil temperature predictions into three classes (present, absent, unknown) that reflect the probability of near-surface (~1 m) permafrost presence. Sample size precluded an accuracy assessment of the map. Unburned areas, as determined by dNBR, were excluded from thematic maps. These maps were used to analyze the spatial extent and distribution of drainage and permafrost classes across the landscape and in relation to the remote sensing burn severity indicator (dNBR).
Results
Vegetation
The vegetation structure of the majority (73%) of our sites consisted of low shrub communities dominated by Rhododendron tomentosum, Vaccinium uliginosum, or Betula glandulosa (Table 1) . Thirteen percent of the sites were bryoid herbaceous meadows that had a mix of shrubs, forbs, graminoids, and mosses, but had the greatest cover of mosses Ceratodon purpureus and Polytrichum juniperinum. Ten percent of the sites were shrub-tussock meadows dominated by Eriophorum vaginatum and Rhododendron tomentosum. One outlier graminoid herbaceous site dominated by grasses (Calamagrostis canadensis) was excluded from the NMDS analysis.
The NMDS diagrams show the variation in plant community composition across sites, with vector length and direction indicating the relationships with vegetation, environmental, and remote sensing variables (Figure 2 ). Sites with similar vegetation structure were grouped closely together, with shrub-tussock meadows and bryoid herbaceous meadows each clustered on opposing extremes of Axis 1 (Figure 2A ). Axis 1 was negatively correlated with sedge tussock (r = −0.62), low shrub (r = −0.63), and dwarf shrub cover (r = −0.55); and was positively correlated with grass cover (r = 0.66) (Figure 2A , Table 4 ). Cover of other growth forms (evergreen tree, deciduous tree, tall shrub, moss, forbs, sedges, lichens) were not associated with either axis.
Numerous individual species/genera were associated with the ordination axes ( Figure 2B , Table 4 
Soils
There were strong relationships among surface organic layer thickness (OLT), soil temperature, and moisture after the 2004 fire (Table 4) . OLT was inversely related to soil temperature at 1 m depth ( Figure 3A , n = 30, Spearman's ρ = −0.51, p = 0.004). A strong inverse relationship between soil temperature at 1 m depth and surface soil moisture of the upper 20 cm was found across our sites ( Figure 3B , n = 30, Spearman's ρ = −0.71, p < 0.0001). The warm soil class (≥2.5 • C) had a lower mean OLT (10.6 cm vs. 16.5 cm) and volumetric soil moisture (19.0% vs. 41.9%) than the cold soil class (≤1.0 • C) (Figure 4 ). These soil properties were also related to the NMDS ordination of plant communities ( Figure 2C , Table 4 ). NMDS Axis 1 had a strong positive correlation with soil temperature (r = 0.84) and a negative correlation with soil moisture (r = −0.53) and OLT (r = −0.62). . Mean ± SE organic layer thickness (OLT) and soil moisture by soil temperature class. Significant differences between cold (≤1.0 • C, n = 13) and warm (≥2.5 • C, n = 17) groups were determined with two-tailed t-tests and denoted by lettering.
Remote Sensing
Topographic variables derived from the DEM were related to soil moisture and temperature, but not significantly related to organic layer thickness (Table 5 ). Elevation and slope were significantly correlated with both moisture (ρ = −0.53, p = 0.0025; ρ = −0.38, p = 0.0395; respectively) and temperature (ρ = 0.54, p = 0.0023; ρ = 0.48, p = 0.0078; respectively). No significant correlations were found for aspect, CTI, curvature, or solar radiation. Of the topographic variables, only elevation was associated with the plant community ordination ( Figure 2D , Table 4 ). Elevation had a negative correlation with NMDS Axis 2 (r = −0.62) and a positive correlation with Axis 1 (r = 0.47).
From the SAR dataset, the first principal component of the HV polarization time series was significantly correlated with soil moisture (ρ = 0.42, p = 0.0200), but only weakly correlated with soil temperature (ρ = −0.36, p = 0.0516), and organic layer thickness (ρ = 0.35, p = 0.0580) ( Table 5) . No additional relationships were found between soil properties and other principal components of the HH or HV polarizations. The SAR-derived variables were not associated with either axis of the plant community ordination.
Landsat-derived indices, particularly those within the infrared region, showed strong relationships with soil properties and vegetation (Tables 4 and 5, Figure 2D ). dNBR was negatively correlated with soil moisture (ρ = −0. 53; p = 0.0026), positively correlated with temperature (ρ = 0.64, p = 0.0001), though only weakly correlated with organic layer thickness (ρ = −0. 29; p = 0.1201).
NDVI was positively associated with soil moisture (ρ = 0.39, p = 0.0345), and negatively associated with soil temperature (ρ = −0.57, p = 0.0009). The infrared indices (NDII6 and NDII7) were the remote sensing metrics most highly correlated with measured soil properties. NDII7, in particular, emerged as the best predictor of surface soil moisture (ρ = 0.69, p < 0.0001), soil temperature (ρ = −0.83, p < 0.0001) at depth, and organic layer thickness (ρ = −0.36, p = 0.0456). All of the infrared remote sensing indices that were correlated with soil properties were also correlated with the plant community ordination axes. NMDS Axis 1 was negatively correlated with NDII7 (r = −0.73) and NDVI (r = −0.67), and positively correlated with dNBR (r = 0.60). Based on the strength of the correlations, NDII7 was chosen for regression-based spatial modeling of soil properties and more detailed analyses of relationships with soils and vegetation. Sites from both soil temperature classes exhibited similar seasonal reflectance patterns, though the cold sites had higher NDII7 values, higher NIR reflectance, and lower SWIR reflectance ( Figure 5 ). The seasonal reflectance patterns were generally consistent during 2013-2015. SWIR reflectance typically decreased from springtime through the summer, and slightly increased in fall. NDII7 and NIR reflectance both increased from springtime to mid-late summer and decreased in fall. An additional dataset of surface soil moisture from a severely burned site was used to assess temporal patterns of moisture in relation to spectral reflectance. Variation in surface soil moisture (at 7 cm depth) had a strong negative relationship with SWIR reflectance, and to a lesser extent with NDII7, and no significant relationship to NIR reflectance ( Figure 6 ). Figure 6 . Relationships of NDII7, NIR, and SWIR reflectance (Landsat 8 OLI) with percent soil moisture (7 cm depth) at a field monitoring site in a severe burn. Each data point is from a different day in the 2014-2015 snow-free seasons (n = 9). Solid lines depict significant regressions; dashed lines depict insignificant regressions.
Mapping
The linear relationship between NDII7 and surface soil moisture (upper 20 cm) was used to map volumetric soil moisture content ( Figure 7A ). The pixels were grouped into six soil moisture classes using the Jenks optimization method ( Figure 8A ). The majority of the burned portion of the study area was classified as poorly drained (61%), 24% was considered moderately drained, and 15% was well drained ( Figure 9A ). Well drained and moderately drained classes were located primarily on ridgetops and upper hill slopes; whereas poorly drained classes occurred mainly on lower lying areas, in concave drainage areas, and along linear water tracks ( Figure 8A ). There were exceptions to this overall pattern, with poorly drained areas occurring on hilltops and well-drained areas on lower hillslopes. The permafrost map was produced using thresholds of NDII7 values, which were indicative of soil temperatures at 1 m depth ( Figure 7B ). At NDII7 values <0.21, 100% of sites had soil temperatures greater than 2.5 • C; therefore, with high certainty, this class was designated as unfrozen. Although permafrost is not expected within the upper meter in this class, permafrost may be present at greater depths. At NDII7 values >0.24, 89% of sites had soil temperatures between −0.3 and 0.3 • C; therefore, this class was considered to have a high probability of permafrost near 1 m depth. At intermediate NDII7 values, soil temperatures ranged from 0.3 to 5.1 • C, with half the sites having temperatures >4 • C and half having temperatures <0.5 • C. This group likely includes a mixture of permafrost conditions at 1 m depth, and therefore was classified as unknown permafrost status.
According to our mapping classifications, 51% of the study area was underlain by near-surface permafrost (within 1 m depth), 37% lacked permafrost, and 12% had unknown permafrost status ( Figure 9B ). Near-surface permafrost was distributed mainly on lower hillslopes, but also was found on hilltops and upper slopes ( Figure 8B ). Conversely, areas without near-surface permafrost occurred mainly on hilltops and upper slopes, but also on lower hillslopes. Areas of unknown permafrost status usually occurred on the boundaries between the areas with permafrost and without permafrost.
Permafrost status was related to burn severity class, as delineated by dNBR ( Figure 10 ). 79% of the low burn severity area was underlain by near-surface permafrost according to our classification. 89% of the high burn severity area was classified as lacking near-surface permafrost. The moderate burn severity area had a relatively even mixture of permafrost classes (46% absent; 37% present). The moderate burn severity class also had the highest area of unknown permafrost status, suggesting that NDII7 performed better at differentiating permafrost status at both extremes of burn severity levels rather than at intermediate levels. 
Discussion
Remote Sensing Indicators of Soil Properties
Of the remote sensing indices considered, we found relationships of ground-based data with elevation and slope from the DEM, with the first principal component of the HV polarization from the ALOS-PALSAR time series, and with multiple indices from Landsat.
We expected to find stronger relationships of soil moisture with the SAR data because microwave sensors measure the dielectric constant of soils, which is directly related to the soil water content [47] . Promising relationships between post-fire soil moisture and SAR backscatter time series have been found elsewhere using the C-band radar signal [41, 42] . The greater wavelength of the L-band radar signal of ALOS-PALSAR allows it to more readily penetrate the vegetation canopy and enter deeper into the soil surface. However, in this study there was a several-year time lag between the SAR data acquisition and our field data collection, which may have weakened the strength of the associations. Considering the sensitivity of the radar signal to soil moisture, and the strong relationships between surface moisture and permafrost properties, the use of SAR data has been identified as a high research priority for permafrost mapping [48] .
Soil temperature, soil moisture, and plant community composition were related to numerous Landsat-derived indices, including dNBR, NDVI, NDII6, and NDII. dNBR has been used as an indicator of burn severity with inconsistent effectiveness in the boreal forest [49] . We found a weak association of dNBR with organic layer thickness, but strong associations with post-fire soil temperature, moisture, and vegetation composition, site characteristics that are strongly impacted by burn severity. NDVI, a measure of vegetation phytomass or health, was negatively associated with soil temperature, positively associated with soil moisture, and negatively correlated with the primary axis of plant community variation. The inverse relationship between NDVI and dNBR, and the direction of the relationships with soil properties and plant community composition, together suggest that higher NDVI values were due to lower burn severity. Within the early successional environment of this study area, high NDVI values indicated a high proportion of unburned patches or resprouting vegetation typical of low severity burns [35] , though in other cases high NDVI values could indicate increases in colonizing vegetation in response to high severity burns. We expect the relationship between NDVI and soil temperature to evolve over time with plant succession. Indeed, an inverse relationship between NDVI and permafrost presence was found at a broad regional scale [28] , likely because warm soils tend to support productive vegetation types such as deciduous forests.
The infrared indices (NDII6 and NDII7), which incorporate both the NIR and SWIR bands, were the remote sensing metrics most highly correlated with all measured soil properties and plant communities. Vegetation reflects highly in the NIR region, and water (on the soil surface or within plant leaves) absorbs electromagnetic radiation in the SWIR region. High NIR reflectance and low SWIR reflectance were indicative of cold soils with high water content. NDII7 was the strongest indicator of surface soil moisture, soil temperature at depth, and organic layer thickness, and was therefore chosen for regression-based spatial modeling of soil properties and more detailed analyses. NDII was also found to be closely related to permafrost presence at the regional scale, presumably because of its sensitivity to water content of vegetation or soils [28] . NDII is sensitive to leaf water content and is commonly considered a vegetation index [50, 51] , although it is influenced by soils when not obscured by vegetation cover, as is the case after fire disturbance [52] . Therefore, surface soil moisture, which strongly influences SWIR reflectance [53] , and vegetation properties are both likely to contribute to NDII in our post-fire study area.
We analyzed seasonal reflectance patterns over several years to determine the extent to which soil moisture versus vegetation properties influenced NDII. Sites with and without near-surface permafrost had the same seasonal patterns of NDII7, NIR, and SWIR reflectance, although reflectance values varied in magnitude. Our interpretation is that the sites with colder soils had greater NIR reflectance due to higher vegetation cover resulting from lower burn severity, and lower SWIR reflectance due to higher water content in plant leaves or the soil surface.
The seasonal surface soil moisture dynamics in this region are driven by spring snowmelt and the seasonal thawing of frozen ground. Surface moisture is typically highest at the time of spring snowmelt and gradually declines through the summer as thaw depth increases [54] . If SWIR were sensitive predominantly to surface soil moisture, we would expect to see SWIR reflectance increase from springtime to fall. Instead, SWIR reflectance decreased from springtime through the summer, and slightly increased in fall. The wide variations in precipitation from 2013-2015, with 2014 a summer of a record-breaking high rainfall, would have influenced surface moisture, yet the seasonal reflectance patterns observed at our field sites were generally consistent each year [55] . The seasonal patterns of NDII7 and NIR reflectance were, however, consistent with expected plant phenology. As vegetation grows and leaves expand from springtime through the summer we see increased NDII7 and NIR reflectance, and subsequent declines in fall as leaves senesce. Across our sites, it therefore appears that the relationship between NDII7 and soil moisture was predominantly an indirect relationship driven by variations in vegetation properties, which reflect burn severity and co-vary with soil properties.
Within severe burns, which have a greater proportion of soil exposure relative to plant cover, direct relationships between SWIR reflectance and surface soil moisture are more likely, however. Our time-series of surface soil moisture from a field monitoring site in a severe burn had a strong negative relationship with SWIR reflectance, suggesting a sensitivity of SWIR reflectance to surface soil moisture. We conclude that NDII7 performed well at predicting subsurface properties because it is an integrative index sensitive both to vegetation properties and surface moisture, both of which are correlated with soil moisture and temperature at depths beyond the reach of optical sensors.
Controls over Permafrost Distribution and Drainage Class
It has been well documented that the loss of the insulating surface organic layer of soil through wildfire can initiate rapid permafrost degradation [6, 56] . The level of degradation is directly related to the thickness of the surface organic layer remaining after disturbance, and thus to burn severity. As expected, an inverse relationship between surface organic layer thickness and soil temperature at 1 m depth was found, demonstrating the positive influence of burn severity over permafrost degradation at our study sites. The strong negative relationship we found between shallow soil moisture (upper 20 cm) and deep temperature (1 m) supports our conjecture that permafrost thawing after fire would result in increased drainage and subsequently drier surface soils in this rocky upland environment [18] , since the permafrost table, impermeable to water, strongly controls water table depth, hydrology, and soil moisture regimes [14, 20] .
Topography also influenced soil properties, as elevation and slope were both positively correlated with soil temperature and negatively with soil moisture. The association of upper slopes with warmer and drier soils and flatter bottomlands with wetter and colder soils is consistent with our understanding of topographic controls over soil properties [57] . Elevation influences microclimate primarily because of the pronounced wintertime temperature inversions, which cause mean annual air temperatures of lowlands to be significantly lower than adjacent hilltops [6] . Because of the low solar angles at high latitudes, slope and aspect are especially important in mediating solar input, affecting air temperatures, evaporation, and snowmelt [58, 59] . Slope further influences the soil environment by controlling the mass flow of water. Mineral soil stratigraphy, soil texture, and loess thickness also tend to co-vary with topography due to differences in material redistribution, typically resulting in thicker deposits of fine-grained soils in lower positions [58, 60, 61] . The accumulation of thick organic layers in cold and poorly drained landscape positions reinforces cold and wet soil conditions through the development of a shallow permafrost table and through resilience to deep burning and subsequent permafrost degradation [11, 31, 61, 62] .
According to our mapping results, 37% of the study area lacked permafrost in the upper meter. Whereas permafrost-free areas occurred on hilltops and upper slopes, they also occurred in lower bottomland landscape positions, where permafrost conditions would be most expected. The inconsistency of topographic controls on permafrost presence suggests that other factors also strongly influence the spatial pattern of permafrost distribution after disturbance. The consistent relationships between burn severity class and mapped permafrost presence provide compelling evidence that burn severity was a key control over the spatial distribution of permafrost. Nearly 90% of the high-severity burn area lacked near-surface permafrost, whereas permafrost persisted across 80% of the low-severity burn. Some of the deviations from the expected topographic control over permafrost distribution and burn severity could be the result of temporally dynamic factors that influence fire behavior, such as previous precipitation affecting fuel moisture, wind speed/direction, humidity, etc. [62] ; or to variation in vegetation and the properties of the surface organic layer, which influence the vulnerability to deep burning [63] .
Topography and burn severity both influence the post-fire distribution of permafrost, which in turn impacts soil moisture regimes and landscape hydrology. The prevalent water tracks in our study area are evidence of surface flow due to permafrost. The presence of near-surface permafrost restricts subsurface infiltration, limiting flow to the shallow active layer, and resulting in active layer soils that are wet to saturated [64] . Permafrost-dominated watersheds are thus characterized by flashy near-surface flow, with high peaks of stream discharge responsive to precipitation, and low base flow [65] . As permafrost thaws in a watershed, the water holding capacity of soils increases and flow paths deepen, which cause higher base flow and less responsiveness to precipitation [32] .
Burn severity is also tightly linked to vegetation, with the post-fire plant community reflecting the level of disturbance and the pre-fire vegetation [34, 66] . Our ordination analysis shows that most of the variation in plant communities occurred along the first axis, which we interpret as a gradient of burn severity due to its close relationships to surface organic layer thickness and dNBR, as well as to patterns of plant species cover. This axis was strongly associated with soil temperature at 1 m depth, and to a lesser extent with surface soil moisture. Low shrub communities were the dominant post-fire vegetation type and encompassed a wide range of permafrost and moisture conditions. Extensive cover of dwarf shrubs (e.g., Vaccinium vitis-idaea), low shrubs (e.g., Rhododendron tomentosum), sedge tussocks (Eriophorum vaginatum), Sphagnum spp., and Rubus chamaemorus were indicative of low burn severity and colder, wetter soils. Over the broader interior Alaskan region, these particular species have been found to comprise the early successional vegetation of low-severity burns as remnants or resprouts from surviving vegetation, whereas colonizing species regenerating by seed dominate in high severity burns [34, 35] . Likewise, we found high cover of grasses and colonizing mosses (e.g., Ceratodon purpureus) to be associated with high burn severity and warmer, drier soils. Elevation was positively correlated with the primary axis of plant communities, suggesting a topographic control over burn severity and species composition. Topographic impacts on soil moisture likely interacted with pre-fire vegetation to influence burn severity, creating a range of post-fire early successional communities. These communities were closely related to the infrared remote sensing indices. The strong associations between post-fire vegetation, soil properties, and remote sensing indices enabled us to indirectly map subsurface properties.
Conclusions
With increasing fire extent and severity, there is a growing need for spatial characterization of permafrost within burned areas, particularly within rocky landscapes, which comprise a third of the Alaskan boreal region but for which spatial permafrost data are sparse. Our approach to modeling permafrost status and drainage conditions after fire used the associations among permafrost, soil moisture, and vegetation by establishing empirical relationships between field-based and remotely sensed data. We examined these relationships and landscape-level patterns to identify the possible controls over post-fire permafrost distribution.
We found that burn severity, topography, and vegetation strongly interacted to control permafrost distribution and influence soil moisture after fire. Burn severity influenced the extent of permafrost degradation, which in turn impacted drainage conditions, resulting in drier surface soils. Burn severity also was closely related to plant community composition, which therefore was indicative of these soil conditions. Topography and vegetation also affect the pre-fire soil environment and thus the vulnerability to deep burning.
Because soil temperature at depth was closely linked to post-fire vegetation and surface moisture, remote sensing indices that could capture these surface properties were presumed to perform best as indicators of subsurface permafrost status. Whereas remote sensing indices from all sensors were correlated with measured soil properties, the Landsat-derived infrared index NDII7 was most strongly related to field data. The temporal patterns of NDII7, and its components SWIR and NIR reflectance, suggest that this index was sensitive primarily to vegetation properties linked with burn severity, but also to surface soil moisture in severe burns where soil exposure was less obscured by plant cover.
This study enabled us to model the spatial distribution of permafrost and drainage characteristics after fire by relating satellite data to the surface characteristics of vegetation and soils. Moreover, the analysis of resulting maps allowed us to identify the mechanisms underlying the landscape scale patterns and characterize the ecological and hydrological impacts of fire.
